Recurrent event data frequently occur in clinical studies, demography, engineering reliability and so on (Cook and Lawless, The Statistical Analysis of Recurrent Events, Springer, 2007). Sometimes, two or more different but related type of recurrent events may occur simultaneously. In this study, our interest is to estimate the covariate effect on bivariate recurrent event times with zero inflations. Such zero inflation can be related with susceptibility. In the context of bivariate recurrent event data, furthermore, such susceptibilities may be different according to the type of event. We propose a joint model including both two intensity functions and two cure rate functions. Bivariate frailty effects are adopted to model the correlation between recurrent events. Parameter estimates are obtained by maximizing the likelihood derived under a piecewise constant hazard assumption. According to simulation results, the proposed method brings unbiased estimates while the model ignoring cure rate models gives underestimated covariate effects and overestimated variance estimates. We apply the proposed method to a set of bivariate recurrent infection data in a study of child patients with leukemia.
Introduction
Recurrent event data are frequently encountered in clinical and observational studies. Examples include tumor recurrences, recurrent heart attacks, repeated hospitalization and insurance claims and so on. Such data can provide a history of the symptom of interest and be utilized to evaluate the long term effects of covariates. To analyze recurrent event data, various methods have been proposed for either the intensity function (Andersen and Gill, 1982) and the marginal rate function (Wei et al., 1989) . Cook and Lawless (2007) provided a comprehensive review of the analysis about recurrent event data. A bivariate recurrent event arises when two different types of events repeatedly occur. Like other types of multivariate failure times, a frailty effect approach (Cook et al., 2010) and a marginal approach (Cai and Schaubel, 2004) are applied to analyze bivariate recurrent event data.
Sometimes, a portion of subjects would not experience recurrent events of interest and these subjects might be regarded as cured or non-susceptible. A similar situation is discussed in a context of a failure time data. A cure rate model assumes there exists a risk-free group explaining the Kaplan-Meier survival curve with a long and stable plateau at the tail. An introduction of cure rate model makes it possible to estimate the effect of covariate on both the incidence as well as the latency of the event. Sy and Taylor (2000) applied a proportional hazard model and adopted an EM algorithm to recover the unknown susceptibility of censored subjects. Peng and Dear (2000) considered a frailty effect for a cure probability and Kim and Jhun (2008) also applied a frailty effect to interval censored failure time with cure proportion and Kim (2017) extended to bivariate interval censored data. There have been several recent studies using joint models that simultaneously consider both zero-inflated recurrent events and terminal events. For example, Liu et al. (2016) considered two different models according to the dependency structure between a recurrent event and a terminal event and Zhu et al. (2018) suggested a Bayesian approach for a joint model. However, we could not find studies about bivariate recurrent event data with zero inflation.
The motivation for this study is infection record data obtained from 210 child patients with acute myeloid leukemia (AML). During the chemotherapy course, patients had been repeatedly infected by bacterial, viral or fungal infection. The causes are classified into two types, the bacterial infection and the fungal or viral, as examples of a bivariate recurrent event. The bacterial infection more often occurred and 156 patients (74%) had experienced more than one infection while only 73 patients (35%) had been infected with fungal or viral. In order to reflect such different occurrence rates, separate cure rate models are implemented for bivariate recurrent event data. We consider each event has a separate susceptibility model for more general extension of univariate recurrent event with zero inflation to bivariate case.
In this article, we present a joint model for bivariate recurrent event data with zero inflation. The remainder of the article is organized as follows. After introducing notations and assumptions, a joint model is presented in Section 2 and an estimation procedure is described in Section 3. In Section 4, a simulation study is performed for assessing the finite sample properties of the proposed method. In Section 5, the proposed method is applied to a leukemia dataset. Finally, some concluding remarks are provided in Section 6.
Model
Suppose there are n subjects who may experience two different types of recurrent events. Denote T i1 j and T i2l as the j th and l th recurrent event of two types of events of subject i, where i = 1, . . . , n, j = 1, . . . , n i1 , and l = 1, . . . , n i2 . Let N i1 (t) = ∑ j I(T i1 j ≤ t) denote the cumulative number of the first event of subject i with dN i1 (t) = 1 indicating subject i has experienced the first event at time t. Similar definitions are applied to N i2 (t) and dN i2 (t) for the second recurrent event. A censoring time C i is assumed to be independent of N i1 and N i2 , respectively.
Let W i = (W i1 , W i2 ) be a latent random vector that indicates susceptibilities. W ik = 1, k = 1, 2 means a subject has experienced the kth type of event and W ik = 0 indicates a risk free from the kth type of event. However, these values are unobservable at the subjects with no event who either would have experienced events at future time or would remain risk free.
Logistic regression models are used to model the susceptible probabilities,
A bivariate frailty effect ν i = (ν i1 , ν i2 ) is introduced to represent the associations between recurrent events and assumed to follow a bivariate normal distribution with mean zeros and a covariance matrix Σ which is composed of Var(ν i1 ) = σ 2 1 , Var(ν i2 ) = σ 2 2 , and Cov(ν i1 , ν i2 ) = σ 12 . Given frailty effects ν i = (ν i1 , ν i2 ) and covariate vectors X i1 and X i2 , the proportional intensity models of recurrent events are assumed
where λ 01 (t) and λ 02 (t) are arbitrary baseline intensity functions with cumulative functions, Λ 01 (t) and Λ 02 (t) and β 1 and β 2 are regression coefficient vectors, respectively. Then the corresponding survival functions are
) .
Denote θ 0 as the vector of parameters of interest. The conditional likelihood is then
Estimation
For easy implementation of computation, a piecewise constant rate is adopted as a baseline intensity function of recurrent event. Lawless and Zhan (1998) , Liu et al. (2016) showed that the pieces defined with appropriately selected cutpoints perform well at several situations. Let 0 = a k0 < a k1 < a k2 < · · · < a kq k = τ k be the cutpoints which were determined from the equally spaced points of the ordered times of the kth type of recurrent event. Here, τ k denotes the largest event time of the k th recurrent event. Then the baseline intensity functions for bivariate recurrent events are redefined as
where λ 01 = (λ 011 , . . . , λ 01q 1 ) and λ 02 = (λ 021 , . . . , λ 02q 2 ) denote the parameters of the baseline rates and the cumulative baseline intensities are defined as
. . , q 1 as the j th occurrence of the first-type of event is observed at the l th interval and m 1l = ∑ i j e 1il (t 1i j ) a total number of the first-type of event occurring at the l th interval. For the secondtype of event, e 2il and m 2l are similarly defined. Then given a bivariate frailty effect ν i = (ν i1 , ν i2 ), a conditional likelihood (2.1) is rewritten as
The marginal log likelihood is obtained by integrating (3.3) with respect to a bivariate frailty density
An EM algorithm is applied to recover unknown quantities ν i = (ν i1 , ν i2 ). In the E-step, since the complete log likelihood has no closed form, a Gauss-Hermite integration or Markov chain Monte Carlo (MCMC) algorithm can be adopted. Once completing E-step, the vector of parameters is updated by applying a Newton-Raphson algorithm at the M-step using the score function and the hessian matrix derived from likelihood. The standard error is estimated by the observed Fisher information updated with final estimates of θ. In our study, the estimation procedure in PROC NLMIXED of SAS is used.
Simulation
We present the results from a simulation study to investigate the performance of the proposed estimation procedures. Five hundred replicates are generated and each one has a sample size of 100. A single binary covariate Z i taking value 0 or 1 with same probability is considered. In this simulation, four settings are provided according to the sign of correlation between bivariate frailties and the proportions of zero inflation for each event. The following logistic regression model is applied for generating W ik ,
For the values of γ's controlling the susceptibilities, (i) (γ 10 , γ 11 ) = (γ 20 , γ 21 ) = (−1.0, 0.1) at the same proportions of zero inflation and (ii) (γ 10 , γ 11 ) = (0.1, 0.1), (γ 20 , γ 21 ) = (−1.0, 0.1) at different proportions of zero inflation, respectively. A bivariate frailty effect is assumed to follow a bivariate normal distribution ν i = (ν i1 , ν i2 ) ∼ BVN(0, Σ), where σ 2 1 = 0.5, σ 2 2 = 0.5 and two different covariance values σ 12 = −0.3 and σ 12 = 0.3, respectively. Now, given W ik = 1, recurrent gap times s ikl are generated from the following intensity,
whereλ 0k is assumed to follow a Weibull distribution. The parameters are set as β 1 = β 2 = 0.5. Then set t ikl = s ikl + t ikl−1 with t ik0 = 0 and continue until t ikr > C i where two recurrent events are subject to the same censoring time C i = 1 + U(0, 1). Then the number of the k th recurrent event is defined as
Therefore, if t ik1 > C i , subject i experiences no events and then n ik = 0. For subject i with W ik = 0, generate C i and set n ik = 0 which means a cure group. At the first and second settings, both events are assumed to have same susceptible rates. About 30% of subjects are unsusceptible(cure) and another 15% of susceptible subjects had no recurrent events. All estimation procedures are performed using Proc NLMIXED in SAS under a piecewise baseline intensity assumption. The results of Tables 1 and 2 with the same proportions of two recurrent events indicate that all parameter estimates have small biases and standard error (SEE) and empirical values (SEM) are almost same. Coverage probabilities (CP) are also close to 95%. To evaluate the effect of zero inflation model, the simulation results ignoring a cure rate model are presented and show β and correlation coefficients σ 12 are underestimated but two variances σ 2 1 and σ 2 2 are overestimated. The third and fourth setting is configured to mimic the leukemia recurrent infection data with different susceptible rates. The first recurrent event has a 60% susceptible rate and the second recurrent event has 40% susceptibility rate, respectively. Tables 3 and 4 show the simulation results under two different correlations where the biases become more severe than those at the same susceptible rates. In particular, the biases of the variance deteriorate at the first type of event which has a higher susceptible rate.
Data analysis
In this section, the proposed method was applied to a leukemia clinical trial data in which the chemotherapy was administered to 210 patients with AML from October 2002 to October 2008. During this period, patients experienced repeated bacteria, viral or fungal related infections. In this study, we investigated the effects of some covariates on two kinds of infections. The first infection is caused by bacteria and the second one is related to viral or fungal ones. The bacterial infection occurred more often and 156 patients had more than one infections while only 73 patients had been infected with fungal and viral. The range of each infection is [1, 6] and [1, 4] and the average recurrent numbers were 2.08 and 1.21, respectively. To reflect this discrepancy, a joint model with a separate zero inflation rate model was implemented. Three covariates (age at the diagnosis of AML, the leukemia risk level and the dose of cytarabine given for the first course of chemotherapy) are included in the logistic models and hazard models. The average of age was 8.65 (year). The risk has three classes (low = 0 (n = 68); standard = 1 (n = 89) and; high = 2 (n = 62)) and there are two classes for dose variable (standard = 0 (n = 109) and high = 1 (n = 105)). Here, two dummy variables for risk variables were used (Risk 1 = 1 if standard; Risk 2 = 1 if high).
Using piecewise constants baseline hazards for λ 01 and λ 02 with five intervals, two models(a bivariate frailty effect with cure rates and a reduced model without cure rates) were compared. Table 5 shows the covariate effects on both event intensities and cure rates (Est), the standard errors (SE) and p-values three models. Using the bivariate frailty effect model, bacterial infection showed no significant covariates in the cure logistic model, however, age and risk level were significant covariates for intensity of infection such as younger children and those with lower level risk experienced more bacterial infections. However, there were no significant effect on the logistic model and infection intensity for fungal and viral infection. For a bivariate frailty effect, the variance of fungal and viral infection, the variance estimate of bacterial infection is smaller than fungal and viral infection. The estimated covariance of bivariate frailty effect is a positive value (σ 12 = 0.239, p-value = 0.035) indicating that these two infection types were significantly correlated. A bivariate recurrent event model without a cure model was also applied to the same dataset to compare the suggested methods. Some covariates (age and dose) on intensity function of bacteria infection demonstrated similar results in both models which can be explained by higher incidence rates so as not affected by the ignorance of cure rate model. However, at viral and fungal infection, even though covariates have insignificant effects, the estimates seem to have larger values even at the variance estimates. Under an independence frailty effect model, the significance of covariates does not change.
Concluding remarks
In the preceding sections, we presented a joint model for regression analysis of bivariate recurrent events in the presence of zero inflation. Bivariate frailty effect is also applied to model the correlation between two recurrent events. In particular, bivariate recurrent events are assumed to have different susceptibilities for each event. The simulation results indicated that the model ignoring zero inflation brings biased estimates of covariate effects and variance. Such modelling can be extended to connect the recurrent event and susceptibility. For example, as a referee pointed out, one type of infection can be applied with an ordinary intensity model without a cure model because of a more frequent occurrence.
Another extension is to include a terminal event process. A similar model was studied in the context of univariate recurrent event data with zero inflation as well as a terminal event by Liu et al. (2016) . Under the proportional hazard model, a terminal event has the following hazard model, λ D (t|Z, ν i , ν 2 ) = λ D 0 (t)exp(η 1 Z + τ 1 ν 1 + τ 2 ν 2 ),
where τ 1 and τ 2 measure the associations between the first event and death as well as the second event and death, respectively. That is, τ 1 > 0 indicates that a subject with more frequent events tends to die more rapidly than a subject with fewer events. The relation between recurrent event and a terminal event becomes more clear by adopting this information simultaneously. The proposed estimation procedure is based on the piecewise baseline intensity function with pre specified time points and numbers. Simulation shows that this method still works well; however, more general rate functions based on marginal model and conditional model should be discussed as alternatives.
eta2=gam02+gam12*x1; /*** cure fraction**/ prob2=1/(1+exp(-eta2)); basehaz2=g1*e1+g2*e2+g3*e3+g4*e4+g5*e5; cumhaz2=g1*d1+g2*d2+g3*d3+g4*d4+g5*d5; mu2=x1*beta21+nu2;
loglik02=-exp(mu2)*cumhaz2;
if delta=0 & rep=0 then loglik1=log(prob2+(1-prob2)*exp(loglik02)); /** log likelihood for subjects without the 2nd recurrent event **/ if delta=1 then loglik1=log(basehaz2)+mu2; /**log likelihood for the 2nd recurrent event ***/ if delta=0 & rep>0 then loglik1=log(1-prob2)+loglik02; /***log likelihood for subjects with 2nd recurrent event and last observation **/ end; loglik=loglik1; model time˜general(loglik); random nu1 nu2˜normal([0,0],[ theta, theta12, theta1]) subject=id; run;
